ABSTRACT
Agriculture plays a significant role in the economies of most countries in Sub-Saharan Africa. In Ghana, agriculture employs about 60% of the population and contributes to about 30% of the Gross Domestic Product (GDP) (Ministry of Food and Agriculture [MoFA] , 2011). However, the agricultural sector is highly vulnerable to the negative impacts of climate change and climate variability as 97% of agricultural land in SubSaharan Africa is rainfed (Rockström et al., 2004) . Generally, temperature increase will reduce yields and quality of food-crops thereby worsening vulnerability in food supply. Similarly, changes in precipitation patterns i.e., intensive rain concentrated in a particular month has a devastating effect on crop production (Abrol & Ingram, 1996) .
Several studies have investigated the impact of climate change on crop yield using either simulation models (Rosenzweig & Parry, 1994; Rosenzweig et al., 2001; Aggarwal & Mall, 2002) or regression models (Lobell & Field, 2007; You et al., 2009; Joshi et al., 2011) . The focuses of these studies have been to estimate the impact of climate change on only mean crop yield. Mearns et al. (1997) asserts that by neglecting the impact of climate change on crop yield variability and focusing on mean crop yield, these studies provides limited information. This is particularly important in Sub-Saharan Africa where growing evidence show that variability in crop yield is as a result of weather variability. However, Anderson and Hazell argue that although yield variability mostly depend on weather, sometimes it can be worsened by the adoption of high-yielding varieties and uniform agronomic practices. Although recent studies (Chen et al., 2004; Isik & Devadoss, 2006) have considered the impact of climate change on the mean and variance of crop yield, in Ghana there is no known study available.
The purpose of this paper is to estimate the impact of climate change on the mean and variance of maize yield in Ghana using the Pope (1978, 1979) production function. Maize is an important staple in Ghana and contributes over 20% of the incomes earned by smallholder farmers in Ghana. Notwithstanding the importance of the crop, the direction and size of the effects of climatic variables and crop area on yield distribution is unknown. Understanding this will help formulate policies to reduce yield variability and manage market risk.
MATERIALS AND METHODS
Desk research was used to obtain secondary data from the Statistical, Research and Information Directorate (SRID) of the Ministry of Food and Agriculture (MoFA) and the Metrological Services Department of Ghana. The use of secondary data is essential to adequately capture past weather patterns and their effect on maize production in the study area. This study considered the five major maize growing regions in Ghana using data from 1992 to 2010. The choice of the starting date is because of data availability. Observed average regional maize yields and the corresponding cultivated areas are used for the study. Additionally, observed average regional growing season rainfall and temperature values are used.
To investigate the impact of climate change on average crop yield and crop yield variability, most studies (Chen et al., 2004; Isik & Devadoss, 2006) employ the stochastic production function developed by Just and Pope (1978) . The intuition behind the stochastic production function is that a production function can be specified as a sum of two components: one associated with the output level and the other linked to variability of output.
Generally, the Just and Pope production function is specified as:
where Y is output, X is a vector of explanatory variables. α and β are unknown parameters to be estimated. ɛ is a stochastic disturbance. f (.) is the mean function that relates X to average output and h (.) is the variance function that relates X to the standard deviation of output. Equation (1) allows the explanatory variables to affect both the average and the variance of maize yield. Following Isik and Devadoss (2006) , equation (1) decomposes as:
where Y it is maize yield for the i th region at year t, X it is the vector of explanatory variables (rainfall, temperature and crop area) considered for the i th region at year t, ɛ it is an error term with mean zero and variance equals to 1 to ensure positive output variance (Isik & Devadoss, 2006) .
The stochastic production function given by equation (2) has traditionally been estimated using either maximum likelihood estimation (MLE) or a three-stage estimation procedure involving feasible generalized least squares (FGLS) following Pope (1978, 1979) . Most empirical studies have used the FGLS approach but MLE is more efficient and unbiased than FLGS estimation in the case of small samples (Saha et al. 1997) . Given the size of our sample, we wish to use the three stage estimation procedure.
From equation (2), the first stage of the procedure regresses Y it on f (X it , β) using ordinary least squares. Secondly, the log of the squared residuals, û 2 it from the first stage are used to obtain the estimates of the marginal effects of explanatory variables on the variance of maize yield (α). The third and final stage uses the antilog of the predicted value of the residuals obtained from the second stage as weights to estimate β in the first argument in equation (2) through weighted least squares estimation. According to Just and Pope (1978) the resulting estimator of β in the final stage is consistent and asymptotically efficient under a broad range of conditions and the whole procedure corrects for the heteroscedastic disturbance term.
Since the explanatory variables vary across the regions and time, it is possible to have omitted variables which are region specific or time specific. These unobserved region specific or time specific variables may blur the true relationship between maize yield and the considered explanatory variables as they may affect changes in yield. Panel data can be estimated using either a fixed effects model, which controls for omitted variables that differ between regions but are constant over time, or a random effects model, which considers that some omitted variables may be constant over time but vary across regions. We estimate the production function using the CobbDouglas functional form and assume fixed effect.
The presence of unit root is tested using the unit root test proposed by Levin-Lin-Chu (LLC) (2002) . The test was chosen because it is well suited to datasets with relatively few panels and a larger number of time periods (i.e. it requires that the ratio of panels to time periods tends to zero). The test is a pooled Augmented Dickey-Fuller (ADF) test with differing lag lengths across the units of the panel. The null hypothesis is that the series contains a unit root and the alternative is that the series is stationary.
RESULTS AND DISCUSSION
LLC panel unit root test was conducted to examine the time series properties of the variables of study. The null hypothesis of a unit root is rejected for the climatic variables in Table 1 and the first-differenced agronomic variables (maize yield and crop area) in Table 2 . The detailed results of the unit root tests for the agronomic variables and climatic variables are displayed in Table 1 and Table 2 respectively. Table 3 displays the regression coefficients for mean maize yield from stage three of the Just and Pope stochastic production function estimation procedure. The R 2 value is 0.70 and the test result of F-statistic shows the function to be wellbehaved. The results show that a 1% increase in crop area will significantly increase mean maize yield by 0.92%. Rainfall and temperature has a negative effect on mean maize yield though insignificant. The elasticity for rainfall is computed as -0.016 and thus a 1% increase in rainfall will decrease mean maize yield by 0.02%. Also, a 1% increase in temperature will likewise decrease mean maize yield by 0.6%. These results are similar to the findings of Boubacar (2010) . The author found his degree-days and precipitation intensity variables to be negatively related to mean maize yield. However, mean maize yield had a positive relationship with cultivated area. Table 4 display the regression coefficients for yield variance from stage two of the Just and Pope stochastic production function estimation procedure. The R 2 value is 0.08 and the test result of F-statistic shows the function to be wellbehaved. The results show that both crop area and temperature enlarge the yield variability. A 1% increase in crop area will increase yield variability by 1.6% while a 1% increase in temperature will cause maize yield variability to increase by 0.01%. Rainfall will significantly reduce maize yield variability by 0.0001% with a 1% increase. These results corroborate the findings by Chen et al. (2004) . The authors found that higher temperatures increase corn yield variability while increasing rainfall decreases the variance of corn yield. The relationship between climatic variables and crop area on the mean and variance of maize yield is not well understood within the Ghanaian context. This paper therefore examined the effects of climatic variables and crop area on the mean and variance of maize yield in Ghana. The Just and Pope stochastic production function using the Cobb-Douglas functional form was employed. The results show that average maize yield is positively related to crop area and negatively related to rainfall and temperature. Furthermore, increase in crop area and temperature will enlarge maize yield variability while rainfall increase will decrease the variability in maize yield. Further investigations are needed to examine the effects of climatic variables and crop area on the quantiles of maize yield and variability.
